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ABSTRACT

The constantframelengthin typical ASR front endsis too long to
capturetransientphenomenan speechsuchasstop bursts. How-
ever, currentHMM systemshave consistentlyoutperformedsys-
temsbasedsolely on non-uniformunits. This work investigates
an approachto “add back” suchtransientinformationto a speech
recognizer without losing the robustnessof the standardacoustic
models. We demonstrate set of phonetically-motratedacoustic
featuresthat discriminatea preliminarytest setof highly ambigu-
ousvoicelessstopsin CV contets. The featuresareautomatically
computedrom datathathadbeenhand-markedior consonanburst
locationandvoicing onset(extensionto automaticmarkingis also
proposed). Two corporaare processedising a parallel setof fea-
tures: conversationakpeectover thetelephong Switchboard) and
a corpusof carefully elicited speech.The latter providesan upper
boundon discrimination,and allows for comparisorof featureus-
ageacrossspeakingstyle. We exploredata-drvenapproacheto ob-
taining variable-lengthtime-localizedfeaturescompatiblewith an
HMM statisticalframevork. We alsosuggestechniquedor exten-
sionto automaticannotationof burstlocation, for computationof
featuresat suchpoints, and for augmentatiorof an HMM system
with theaddednformation.

1. Introduction

Modeling of speechwith hidden Markov models(HMMs)
implies a constantrateof informationaccumulation Frames
of a fixedlengtharescoreduniformly to computethe likeli-
hoodthat a given utteranceis producedby the model. The
commonfixedframelengthof ~25 msis thetime-frequenyg
trade-of in the speechrepresentationlt is well known that
sucha frame lengthis too long for capturinginformation-
bearingtransientphenomenavhich may have durationsas
shortasacoupleof milliseconds At thesamedime, stationary
segments suchasvowels, have constanspectrakcharacteris-
tics for muchlongerregions,on the orderof 100ms. These
obsenationsmotivateexploring techniqueghat canprovide
variabletemporalresolutiondependingn the type of event.
This work exploresdata-drvenapproacheso suchfront end
adaptatiorfor usewithin thestandardHMM framework.

Approachedasedon non-uniformframe lengthshave been
explored in numerousprevious studies. For example,
begginning in the 1970s, knowledge-basedapproachego
speechrecognitiondevelopedclassificatiorsystem$asedn
acoustic-phonetitules[12, 13, 4]. An adwantageof suchap-

proachesvasthatthe acousticcharacteristicfor phonedis-
criminationwerenot limited in resolution.However, perfor
mancedid not reachthat of HMM-basedsystemausingless
sophisticatedhformationanda fixed framelength.

More recently sggment-basedystemg5, 8, 1] addresshe
problemof a constantframe length by representingophone
segmentsusing a single featurevector—regardlessof seg-
ment duration. This approachallows for the use of het-
erogeneougphone-class-speciffeatureshat focuson pho-
netically relevant informationfor discriminatingamongthe
confusablesoundswithin a phoneclass[7, 10. In spite
of theseadvantageshowever, sggment-basedystemsalone
have notbeenableto outperformstate-of-the-atiMM-based
systems.

Thiswork aimsatcombiningtheadvantage®f bothsegmen-
talandHMM systemsby usingtheHMM systento produce
N-besthypothesewith phoneticsggmentationsBasednthe
HMM sementationswe computeadditionalphone-specific
segment-baseteaturego improve thediscriminationof con-
fusablephoneclasses.Probabilitymodelsfor the additional
featuresaretrainedfrom sggmentation®f training data. For
recognition probability scoresor eachrecognitionhypothe-
sisin the N-bestlist arecombinedwith standardHMM like-
lihoodscores.

We demonstratea set of linguistically motivated features,
basedon non-uniformfront-end extraction units, that suc-
cessfullydiscriminatea preliminarytestsetof voicelesson-
sonantsn consonant-eswel (CV) contets. The featuresare
automaticallycomputedfrom an extraction region carefully
hand-markedby alinguistfor burstlocation. Theannotations
andfeatureextraction are appliedto two paralleldatabases:
(1) spontaneous-cerrsationakpeechHrom the Switchboard
corpus[6] and(2) a corpusof carefully-elicitedspeecH9].
Inclusionof thelattercorpusprovidesanupperboundon dis-
crimination,andallows us to examinedifferencesn speech
styleandchannelguality while featuredefinitionandextrac-
tionis heldconstantn theparallelcorpora.We proposeech-
niguesfor automatidocationof suchpointsin thewaveform,
computationof featuresat suchpoints,and augmentatiorof
anHMM systemwith suchinformation.

The paperis organizedas follows: In Section2, we de-
scribethephoneclassificatiortaskandthedatabasef-eatures



areintroducedin Section3, andthe resultingstatisticsfrom
the proposedeatureson the elicitedandspontaneouspeech
databasesaredetailedin Section4. Section5 describeshe
decisiontreeclassificatiornf thestopsin vocaliccontets via
the setof proposedeatures Finally, the approachesaredis-
cussedrom the perspecitie of automaticspeechrecognition
in Section6.

2. Task and Database

As afirst, tractabletaskin this work, we chosethe classi-
fication of voicelessunaspiratedstops(/p/, /t/, and/k/) in a
CV contet. We alsoincluded/ch/ for comparisorpurposes.
Acousticinformationrelevantto theidentificationof stopsre-
sidesin formanttransitionsdurationof closureandreleasef
the stopburst,andalsoin moretransienpphenomenauchas
theshapeof the spectrunmatthe burstandthe presencer ab-
senceof multiple bursts[11]. In certainvocaliccontexts, for
example,precedingthe high front vowel, /i/, long term cues
maybeneutralizedresultingin adependencenthetransient
phenomendor theidentificationof stops,anda correspond-
ing increasen confusionratesfor bothhumansandmachines
[9]. Thesetof voicelessstopsin CV tokenspresents chal-
lengeto automaticprocessingpproacheshat averagetran-
sientinformationof stopsover mary framesandthusproves
to bea goodstartingpoint for localizedfeaturemodeling.

3. Acoustic Featuresof a CV Token

For the purpose®f thiscross-corpustudy we consideredhe
following subsetof acousticfeaturesknown to be important
cuesin the identificationof stopplace[11]: (1) voice onset
time (VOT), (2) multiplicity of bursts,and(3) grossshapeof

burstspectrum.VOT is the durationof time the vocal cords
take to begin periodic vibration after the releaseof a con-
sonant. The predictedorderof VOT averagesderived from

their articulationandmanney for voicelessstopsandthe af-

fricate/ch/are:/p/, It/, Ik/, [ch/. Figuresl and2 shav a sam-
ple tokenof /ka/ and/pa/, with labeledbursts,voicing onset,
andVOT, extractedfrom the hand-labelecnnotations.The
sample/ka/ tokencontainsthe doubleburst characteristiof

avelarvoicelesstop[11].

Figure 3 shows the distribution of VOT and multiplicity of
burstsfor elicited and spontaneouspeech.The bar graphs
representaluesaveragedover all speakersand all vocalic
contets. VOT, aspredictedjs a strongfunctionof stopiden-
tity for bothelicited andspontaneouspeechMultiplicit y of
bursts,however, senesasa usefuldiscriminantonly for the
elicited databaseasthe articulationof stopsin spontaneous
speechmayhave afasterreleaseverall, andthusvelar stops
may belessproneto the phenomenaf multiple bursts.

The constrictionof the articulationof a voicelessstopandits
releasgeneratelistinctivespectratharacteristicattheburst
thataresomevhatinvariantacrosdifferentvocaliccontets.
Stopburstspectrdor labials(/p/), alveolars,(/t/), andvelars
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Figurel: Voicingonsettime for /ka/.

(/k/) have beendescribedas"dif fuse-falling” (majority of en-
emy in the low frequeny region), “dif fuse-rising”(majority
of enegy in the highfrequeng region), and“compact”(peak
of enegy in themid frequeng region) [2].

Figures4, 5 and6 shav examplesof thespectrumattheburst,
aswell aslinear and pieceavise linear fits to the spectrum,
for /pa/,/tal, and/ka/, respectiely. Derivedfeaturesinclude
the slopesof the linear and piecavise linear fits, the mean
squarederror of the fits, andthe locationin the frequeng
rangeof thenodefor the piecavise linearfit. Thelastfeature
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Figure2: Voicing onsettime for /pa/.
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over speakergndover vocaliccontext.

Elicited speechdatabaseaccurag = 84.11%(905/1076)
| | P|] T ] K |CH]|TOTAL | CORR|

P || 243 | 16 9 1 269 243
T 37 | 180 | 49 3 269 180
K 12 | 37 | 213 | 7 269 213
CH 0 0 0 | 269 269 269

Table1: Decisiontree classificatiorof stopsin vocalic con-
texts for elicitedspeech.

is particularlyhelpful for distinguishng/t/ from /k/ bursts.

4. Decision Trees

In this sectionwe describethe analysisandvisualizationof
the proposedsetof featuresvia decisiontrees. For the clas-
sification problemover the set (/p/, /t/, /k/, Ich/), we train
CART-style decisiontrees,asin Figure7. In Table 1, we
shaw the classificatiorperformancef the decisiontreeon a
testsetfor elicited speech.The correspondingperformance
summaryon spontaneouspeechis givenin Table2. The
classificatioraccuraciesirearound84%.

Spontaneouspeechaccurag = 83.57%(234/280)
| | P] T]K]CH|TOTAL | CORR|

P |61 6| 3 0 70 61
T ||12|51| 6 1 70 51
K 8|2 (52| 8 70 52
CH| O] 0] 0] 70 70 70

Table2: Decisiontree classificatiorof stopsin vocaliccon-
texts for spontaneouspeech.

We alsorank and comparethe usageof the featuresshavn
hereaswell asformanttransitioninformationacroslicited
and spontaneouslatabases. Table 3 shawvs the frequeng
of usageof featuresin tree classification. VOT is the
most prominentfeature on both elicited and spontaneous
databasesThetreein Figure7 shavsthatVOT is especially
helpfulin classifying/ch/and/p/. Burstmultiplicity, asprevi-
ouslymentionedis only usefulin theeliciteddatabaseyhere
it is usedto classify velarsfrom otherstops. The tree also
containsinformationon formanttransitionsinto the follow-
ing vowel, whichis foundto beusefulin bothdatabasedere
it picksoutlabials(which have characteristicallyow formant
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Figure4: Spectrumlinear, andpiecevise linearfits for /pa/.
The“diffuse-falling”shapeof thespectrunis capturedy the
negative slopeof thelinearfits. Notethatthe nodelies belon
2000Hz.

onsetsatthereleasenf the burst) from otherstops.Thenode
frequeng of thepiecaviselinearfit is alsoaconsistentlysed
featurein boththeelicitedandspontaneoudatabasediereit
functionsto distinguishvelarsfrom alveolars.

5. ASR Per spective

We have showvn that hand-labeledacousticevents, someof
which are temporally localized, provide featureswith rich
information contentfor the classificationof easily confused
phonesHere,we discusgheissuesn extendingsuchanap-
proachto ASR systemsThefocusis onautomatidocationof
information-bearingointsin thewaveformandstatisticalex-
tractionof localizedfeatures.Anotherfundamentatjuestion
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Figure5: Spectrumlinear, andpieceavise linearfits for /ta/.
The"dif fuse-rising”"shapeof the spectruris captureddy the
positive slopeof thelinearfits. Notethatthenodelies abore
4000Hz.
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Figure6: Spectrumlinear, andpiecavise linearfits for /ka/.
The prominentpeakof the spectrumis capturedby a high
meansquarecerrorof thelinearfit andby the mid-frequeng
location(2000—400MHz) of thefitted node.

is the determinationof the bestway to augmentor modify
currentHMM systemgo usesuchinformation. As anim-
portantexampleof the signalprocessingssuesnvolved,we
demonstratautomatidocalizationof thevoicing onset.

We have madeuseof the bestbasisalgorithm[3] in segment-
ing transientand stationaryspeechsegmentsby an adaptie

framelengthfront end. In this framewvork, automaticvoic-

ing onsetlocationis carried out by temporalsegmentation
into varying-lengthframesdependingon the stationarityof

theunderlyingsignalsegment8. This type of front-endpro-

cessingnayalsobe suitablefor burstlocalization.

Finally, we discusspossibleways of augmentingan HMM

systemwith localizedfeatures.One straightforwardway of
augmentatiotis via N-bestlist rescoringfrom alignmentsas
shavn in Figure9. The CV contet is bracketedby align-
ments;subsequentlythe featuresobtainedfrom the CV are
scoredandusedasanadditionalknowledgesourcen rescor
ing of theN-bestlist.

Elicited speech Spontaneouspeech
| feature | usage || feature | usage |
VOT 0.57 VOT 0.54
fo 0.19 f2 slope 0.29
numberof bursts| 0.13 fo 0.12
burstnodefreq | 0.10 burstnodefreq | 0.05
f2 slope 0.01 || numberof bursts| 0.00

Table3: Decisiontreeusageof features.
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algorithm.

6. Summary and Future Work

This work hasexplored data-drven approacheso temporal
front end adaptation.We have carriedout statisticalextrac-
tion andcharacterizatioof usefultime-localizedeatureob-
tainedfrom datahand-labeledor relevantevents.Suchwork
constitutesa first steptoward demonstratinghe discrimina-
tion power of localizedfeatureson a classificationtask, for
bothcarefulandspontaneouspeechWe have alsodiscussed
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Figure9: HMM systemaugmentationvith localizedfeature
modeling.

signalprocessingechniquego automatehe accuratdocal-
ization of information-bearingvents,and possiblemethods
of augmentatiommr modificationof currentHMM systemgo
uselocalizedfeaturesassideinformation.
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